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ABSTRACT

As an eco-friendly construction material, engineered wood is becoming increasingly
popular as it is environmentally friendly, less labor-intensive and more cost-effective
compared with concrete and steel. On the other hand, compared with solid wood,
layered engineered wood has more consistent mechanical properties, can minimize the
influence of flaws like knots and get rid of the limitation of dimensions. Yet there is
limited number of research focusing on the fracture behavior of layered engineered
wood. This article investigates the fracture behavior of the laminated veneer lumber
(LVL) via acoustic emission in mode-I fracture tests. The fracture test is conducted on
an LVL sample with the help of six AE sensors to collect the AE waveforms. The
difference of time of arrival is used to locate the crack tips. Since wood is highly
heterogeneous, instead of using the wave velocity for AE source localization, this work
leverages the benefits of probabilistic machine learning methods. Moreover, to capture
the outliers more easily and being less sensitive to noise, a new type of probabilistic
machine learning method, i.e., student-t process regression (STPR), is firstly proposed
to address the AE source localization in mode-I fracture tests. As a comparison, the
Gaussian process regression (GPR) is also implemented. Because not all AE events are
related with the crack tip propagation, the Gaussian mixture models is implemented to
identify AE events relevant with the crack tip. The results suggest STPR can outperform
GPR both in pencil lead break test and in the mode-I fracture tests, only with the cost of
having one additional parameter, i.e., the degree of freedom.
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INTRODUCTION

As one of the oldest construction materials, wood has been widely used in civil
engineering structures, such as bridges [1], towers [2], palaces [3], temples [4], and so
on. However, the applications of solid wood have been limited due to inherent flaws
and knots, which undermine the strength and result in inconsistent mechanical
properties. Moreover, the dimension limitation restrains its use in large structural
members. Industry and academia have been investigating engineered wood or mass
timber as alternative construction materials that overcome the aforementioned
limitations of solid wood [5-7]. Engineered wood is a broad class of wood products
mainly referring to derivative wood products manufactured by binding or fixing the
veneers, strands, particles, fibers, and so on with adhesives. For example, as one of the
multi-layer engineered wood designs, laminated veneer lumber (LVL) has all its
veneers. LVL has the strongest material properties along its longitudinal direction.
Though LVL could be regarded as an orthotropic material [8], the inherent knots,
internal voids, micro-cracks and potential inter-layer disbonds generally compromise
such an assumption, resulting in a highly heterogeneous material [9]. Thus, it is
important to understand their fracture behavior. As a technique to measure the fracture
toughness of a material, which is an inherent material property, the mode-I fracture test
can designate the crack to propagate along a desired direction.

Acoustic emission (AE) has been adopted to monitor damage evolution in mode-I
fracture tests. As a passive nondestructive evaluation (NDE) and structural health
monitoring (SHM) technique [10], the AE testing has been widely used for structural
testing [11] and material characterization [12]. With the knowledge of wave velocity,
AE sources could be located by analyzing the difference in time of arrival (dTOA) over
different sensor pairs. Since AE testing can continuously monitor damage progress and
track crack propagation, itis highly suitable for capturing and characterizing the fracture
process in mode-I fracture tests. Many researchers [13-17] employed AE to estimate
the mode-I fracture toughness of rocks. There are a few studies on using AE to monitor
solid wood’s damage progress and source localization in mode-1 fracture tests.

There is little to no research focusing on using AE to monitor multi-layer engineered
wood’s fracture process in mode-| fracture tests. The challenges stem from material
heterogeneity and complicated wave propagation paths, which would invalidate the
wave velocity-based AE source localization methods. In this study, we develop the
Student-t process regression (STPR) in this study, which is not only more robust to
outliers due to the heavier-tailed distribution but also considers the influence of output
on prediction variance. Based on these successful applications, it is reasonable to extend
the Student-t process to AE source localization.

EXPERIMENTAL SETUPS

The test samples made of LVL were designed following the ASTM standards
D5596 and D5045, and the sample dimension is shown in Figure 1(a). Two samples
were prepared, both of which have the same configuration except the thicknesses:
Sample 1is 1.0 inch (in.) thick, and Sample 2 is 1.75 in. thick. As shown in Figure 1(a),
a notch is set at the center of the sample with a length of 3.5 in.. The longitudinal axis
is aligned with the horizontal direction and the X axis, while the tangential direction is



along the vertical direction and the Y direction. A region of interest (ROI) with a
dimension of 4.0 in. <0.5 in. and a grid size of 0.25 in., as shown in Figure 1(a) and (b),
was defined on both sides of each sample. The mode-I fracture test setup is shown in
Figure 1(c). A camera was placed in front of the loading frame to record the fracture
process, which provides visual indications of crack tip propagation. The load frame was
controlled by displacement with a loading rate of 0.5 mm/minute. Six AE sensors were
mounted on the LVL samples, as shown in Figure 1(a) and 1(b).

I—A

[=0:50 1, C2
21 Czl 4 -
1 ) [ }
N N {55 1.00 I 1 )
- —— YIIROT 0254025 Csp —tt €5 C5PY(M
! [ ] [T 11] ‘\ ! I 3.00 . T
L. 3.50 - X(L) cop——— C6 Y C6 |
i 1.50 290 i 1.50
1.00
0.50 = 0.75 =>— 00.40 | 11 0.50
i = - i } ol i e
C3 C4 | - 100 = - 1.75 -
- 7.50 - C3 C4
I_A ) Unit: inch
Front View A-A

(a) Dimension of the two LVL samples

(b) LVL sample with defined Region of Interests (c) The mode-I fracture test system

Figure 1. Experimental setup

By learning the difference in time of arrival or dTOA from different sensors, it is
feasible to locate the source by triangular localization with the knowledge of wave
velocity. But the heterogeneity of multi-layer engineered wood materials invalidates
such an approach, and the machine learning method can potentially solve this problem.
The training dataset for these models can be obtained by virtue of pencil lead breaking
(PLB) tests, a technique widely used in the AE community to simulate AE signals. The
PLB test provides a step function like transient force, which is very representative of
real AE sources, and the generated waveform is remarkably reproducible. In light of
that, multiple PLB tests were conducted to collect the dTOAs corresponding to each
grid node within the ROI location on both LVL samples in this study. To estimate the
AE source locations, a data bank needs to be first established. At least 10 pencil break
tests were performed on each grid node. The time of arrival or TOA of each signal was
extracted using the Akaike Information Criterion (AIC) method.

In the region of interest or ROI on both sides of a sample, PLB tests were first
performed on every grid node to collect AE waveforms and build up the training dataset.



Meanwhile, PLB tests were conducted on ten off-grid nodes within the ROI. The TOA
of each AE signal was determined by the AIC method, and dTOAs from all possible
sensor pairs were calculated to construct the training dataset (based on PLB tests over
on-grid nodes) and the testing dataset (based on PLB tests over off-grid nodes). Both
training and testing datasets include dTOAs along with the corresponding X and Y
coordinates. Consequently, the probabilistic machine learning or PML models were
trained by minimizing the negative log-likelihood. Once the PLB tests were done and
PML models were tuned, the mode-1 fracture tests can be conducted, where the AE
source locations are unknown. The AIC picker was used to determine the dTOAS in the
fracture tests. With the tuned PML models via the PLB tests, predictions can be directly
made on AE sources in the fracture tests. After this procedure, the final results were
compared with the observations from the video camera.

AE SOURCE LOCALIZATION FOR PLB TESTS

AE source predictions of individual nodes on Sample 1 are shown in Figure 2. Each
symbol type represents testing on a unique off-grid node: the red symbols are the ground
truth, the blue ones are the mean predictions, and the black markers are the individual
predictions. Clearly, the multi-output STPR demonstrates more compact results than
single-output STPR. Moreover, both single-output and multi-output STPR can make
accurate predictions for the points on the center line (Y=0). There are some deviations
regarding the predictions on nodes away from the horizontal center line. For example,
the predictions on the triangle in Figure 2(a), and predictions on the star in Figure 2(b)
are away from the ground truth. These large errors could be attributed to internal defects
within its neighboring areas, not using the optimal hyper-parameters, and errors from
the data collecting and processing.
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Figure 2. AE source localization from PLB tests on Sample 1, where ground truth is marked as red,
individual prediction is marked as black, and mean predictions marked as blue.

In Figure 3, the blue symbols represent the mean predictions; the red ones are the
ground truth, and the black ones are the individual predictions. Notably, the predictions
along the X-axis (Y=0) are very accurate for both models. The multi-output STPR
outperforms the single-output STPR. As shown in Figure 3(b), the multi-output STPR’s
predictions on the star, square, and inverted triangle are closer to the corresponding
ground truth, which is not the case for single-output STPR predictions in Figure 3(a).



The enhanced performance of multi-output STPR again demonstrates the superiority of
multi-output STPR and the necessity of considering the correlation between X and Y
coordinates.
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Figure 3. AE source localization from PLB tests on Sample 2, where ground truth is marked as red,
individual prediction is marked as black, and mean predictions marked as blue.

AE SOURCE LOCALIZATION FOR MODE-I FRACTURE TESTS

The predictions of the crack tip locations throughout the fracture process of Sample
1 are shown in Figure 4(a) and 4(b) for the single-output and multi-output STPR,
respectively. The red crosses are the predictions likely to be related to crack tip locations
identified by Gaussian mixture model (GMM) clustering, while the green dots are other
source location predictions likely not to be related to crack tip. In Figure 4, most of the
crack tip locations are identified along the horizontal center line (Y=0), and this is true
for the results of both models. Most of the crack tip locations are above Y=0, which is
also true and backed up by the observations. According to camera footages, the crack
propagates along the horizontal center line on the front. On the backside, however, the
crack slightly propagated away from the center line to the upper part. No visible cracks
were observed below Y=0 on Sample 1. This observation corresponds well to the
localization results by STPR. In the meantime, the multi-output STPR predictions in
Figure 4(b) are more compact than those by the single-output STPR in Figure 4(a). This
again justifies the advantages of considering the correlation between the X and Y
coordinates.

The results of the mode-I fracture test on Sample 2 over all stages are shown in
Figure 5. The red crosses are the possible crack tip locations clustered by GMM from
all the predictions, and the green dots represent locations from other sources. In Figure
17, most crack tip predictions are located along the horizontal center line. Based on the
camera’s observations from Sample 2, the crack developed along the X-axis with no
obvious deviation. The crack tip predictions (red crosses) by multi-output STPR are
tighter along Y=0 in Figure 5(b) than those by single-output STPR in Figure 5(a).
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Figure 4. AE source localization from mode-I fracture test on Sample 1 by single-output and multi-
output STPR. Red crosses: AE source likely to be related to crack tip propagation; green dots: others.
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Figure 5. AE source localization from mode-I fracture test on Sample 2 by single-output and multi-
output STPR. Red crosses: AE source likely to be related to crack tip propagation; green dots: others.
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